We adapted and validated a basis function method (BFM) to estimate at the voxel level parameters of the kinetic model of the L-[1-
Introduction
Biosynthesis of proteins is a fundamental process necessary for physiologic maintenance and functioning of organisms. In the central nervous system, de novo protein synthesis is critical for adaptive responses such as long-term memory formation. Animal studies indicate that regional rates of cerebral protein synthesis (rCPS) are altered in models of various clinical disorders ; Smith and Kang, 2000; Widmann et al, 1991 Widmann et al, , 1992 Collins et al, 1980) and in certain physiologic states such as slow-wave sleep (Nakanishi et al, 1997) . Regional rates of cerebral protein synthesis also change during brain development (Sun et al, 1995) and normal aging (Ingvar et al, 1985) .
With the development and validation of the L-[1-
11 C]leucine positron emission tomography (PET) method Smith et al, 2005) , fully quantitative measurement of rCPS in human subjects is now possible. We have implemented the method in awake, healthy young men and have shown that reproducible measurements of rCPS with low variability can be obtained (Bishu et al, 2008) . Future applications are expected in studies of normal human brain, neurodegenerative diseases, and neurodevelopmental disorders that might be associated with dysregulation of cerebral protein synthesis (Bear et al, 2008) .
Analysis of L-[1- 11 C] leucine PET data in nonhuman primates and human subjects (Sundaram et al, 2006; Bishu et al, 2008 Bishu et al, , 2009 has to date been carried out only at the regionof-interest (ROI) level. As ROI data are averaged over large numbers of voxels in the PET image, noise is reduced. Furthermore, computational time is minimal when the number of ROIs is small, and rCPS in each structure can be directly compared across subjects. With ROI analysis, however, any heterogeneity among voxels within the ROI is not taken into account. One consequence is that changes occurring in a subset of voxels within a ROI may be missed. To survey the entire volume, methods are needed to analyze each voxel within the image and generate maps of rCPS and other parameters of interest. Application of nonlinear least-squares (NLLS) estimation to each of the B10 7 voxels in a high-resolution PET image is infeasible, however, because of the high computational cost. In this study, we adapted and validated a basis function method (BFM) (Gunn et al, 1997) to estimate parameters of the [ 11 C] leucine kinetic model at the voxel level. Although parametric maps are useful for surveying the brain volume and developing hypotheses regarding areas that may be affected in a particular condition, they cannot be used as generated for group statistical comparisons; spatial normalization to a common brain structure is required. In particular with high-resolution images, this process introduces uncertainty about the exact location in the brain with which each PET voxel should be associated. An alternative that avoids spatial normalization is to use parametric maps as the basis for computation of mean ROI parameter estimates. As the kinetic model parameters are not a linear function of measured activity, the mean of voxelwise estimates for a particular parameter will not, in general, equal the parameter estimated from the mean of the voxel activities, that is, from the ROI TAC. To determine whether voxelwise estimation confers any advantage for determining kinetic model parameters and rCPS in a ROI, we compared the mean of the voxelwise-estimated parameters with those determined from the ROI TACs. Comparisons between methods were carried out in simulations and in [ 11 C]leucine PET data acquired in healthy young men. The homogeneous tissue kinetic model for leucine was used in the analyses.
Materials and methods

PET Studies
Data from previously reported studies (Bishu et al, 2008 (Bishu et al, , 2009 ) of six awake, healthy male subjects (aged 20 to 24 years) were used for reanalysis in this study. The criteria for subject inclusion and the procedure for L-[1- 11 C]leucine PET studies are described in detail in Bishu et al (2008) . All studies were carried out on the ECAT High-Resolution Research Tomograph (HRRT, CPS Innovations, Knoxville, TN, USA), which has a spatial resolution of B2.6 mm full width at half maximum (FWHM) (Wienhard et al, 2002) . The 90-min emission scan was initiated coincident with a 2-min intravenous infusion of 25 to 30 mCi of L-[1-
11 C]leucine (estimated specific activity 3 mCi/nmol). Images were reconstructed using the motion-compensated three-dimensional ordinary Poisson ordered subset expectation maximization algorithm (Carson et al, 2003) as 42 frames of data (16 Â 15, 4 Â 30, 4 Â 60, 4 Â 150, and 14 Â 300 secs) and voxel size was 1.21 Â 1.21 Â 1.23 mm. Arterial blood sampling was carried out; concentrations of unlabeled and labeled leucine in arterial plasma and total 11 C and 11 CO 2 activities in whole blood were measured according to the methods detailed in Bishu et al (2008) . All subjects underwent a T1-weighted magnetic resonance imaging of the brain for ROI placement. Figure 1A illustrates the kinetic model of the behavior of leucine in the brain . Total concentration of 11 C in the ROI or voxel (C T *) includes free L-[1-
Kinetic Model
11 C]leucine and L-[1-11 C]leucine incorporated into tissue protein (C E * and P*, respectively), plus activity in blood (V b C b *, where V b is the fraction of the ROI or voxel volume occupied by blood and C b * the concentration of activity in whole blood). Total 11 C also includes labeled products of L-[1-
11 C]leucine metabolism: 11 CO 2 and products of 11 CO 2 fixation. K 1 and k 2 are the rate constants for transport of leucine from plasma to tissue and vice versa, respectively. k 3 is the rate constant for the first two steps in leucine catabolism, transamination and decarboxylation, which yield 11 CO 2 . k 4 and k 5 are the rate constants for leucine incorporation into protein and release of free leucine from proteolysis, respectively. It is assumed that there is no significant breakdown of labeled product during the experimental interval, that is, k 5 P*B0. The model used to describe labeled leucine holds also for unlabeled leucine, except that unlabeled leucine and protein are in steady state, and the steady-state breakdown of unlabeled protein (k 5 P) is > 0. The model assumes that the tissue is homogeneous with respect to concentrations of amino acids, blood flow, rates of transport and metabolism of amino acids, and rates of incorporation into protein .
Under assumptions of negligible fixation of 11 CO 2 during the experimental period (Siesjö and Thompson, 1965) and rapid equilibration of diffusible 11 CO 2 between brain and blood (Buxton et al, 1987) , the model simplifies to the homogeneous tissue model used in our analyses ( Figure  1B ). The concentration of 11 CO 2 in tissue is approximated by V D C c *, where C c * is the 11 CO 2 concentration in whole blood and V D the brain-blood equilibrium distribution volume of 11 CO 2 . V D was fixed at 0.41, the value measured in rhesus monkeys , which is in agreement with the mean whole brain-plasma equilibrium distribution volume determined from 11 CO 2 studies in humans (Brooks et al, 1984) . (The blood-plasma equilibrium distribution volume is close to unity (Gunn et al, 2000) .) Therefore,
In terms of rate constants
where dependence on the parameter vector q = [K 1 , k 2 + k 3 , k 4 , V b ] is now shown explicitly. After rate constants have been estimated for a voxel or a ROI by one of the methods described below, rCPS can be calculated from the measured plasma concentration of unlabeled leucine, C p , and estimated values of the rate constants as
( Schmidt et al, 2005) . Equation (3) takes into account recycling of unlabeled amino acids derived from proteolysis, but the effects of recycling can also be examined. The factor l represents the fraction of unlabeled leucine in the precursor pool for protein synthesis derived from arterial plasma; the fraction derived from tissue proteolysis is (1Àl). Lambda can be computed as .
Rate Constant Estimation
To estimate kinetic parameters from each ROI time-activity curve (TAC), weighted NLLS was used; it minimizes the weighted residual sum of squares (WRSS) objective function
where n is the number of frames of data, C T *(t i ;q) model is given by Equation (2), s i 2 is proportional to the variance of decay-corrected measured activity in the ROI, that is, C T *(t i ), and t i the midpoint of the ith frame. Variance was modeled, assuming Poisson statistics, as
( Wu and Carson, 2002) where g is the decay constant for 11 C, Dt i the length of frame i, and a is a proportionality coefficient reflecting the noise level in the data. In PET data, a is not known a priori, but its value does not affect the parameter estimates. We also evaluated the effect on parameter estimates of using weights based on whole brain activity instead of activity in the ROI itself for variance calculation by Equation (6). Results show that the effect is negligible; differences (in absolute value) in estimates of Unlabeled metabolic products
11 C]leucine PET method. Top rows illustrate the model used to describe the behavior of labeled leucine in the brain. K 1 and k 2 are the rate constants for transport of leucine from plasma to tissue and vice versa, respectively. k 3 is the rate constant for the first two steps in leucine catabolism, transamination and decarboxylation, which yield 11 CO 2 . k 4 and k 5 are the rate constants for leucine incorporation into protein and for the release of free leucine from proteolysis, respectively. On account of the long half-life of protein in the brain (Lajtha et al, 1976) , it is assumed that there is no significant breakdown of labeled product (P*) during the experimental interval, i.e., k 5 P*B0. Labeled CO 2 arises either through catabolism of labeled leucine in the brain or through influx from the blood after catabolism in other tissue, and once in the brain it may be either transported back to the blood or fixed in the brain. Assuming no isotope effect, the rate constants for labeled and unlabeled leucine are identical. Thus, the model used to describe labeled leucine holds also for unlabeled leucine (bottom part of the figure), except that unlabeled leucine and protein are in steady state, and the steady-state breakdown of unlabeled protein, k 5 P, is greater than zero. The model assumes that the tissue is homogeneous with respect to concentrations of amino acids, blood flow, rates of transport, metabolism of amino acids, and rates of incorporation into protein. (Siesjö and Thompson, 1965) and rapid equilibration of 11 CO 2 between the brain and the blood (Buxton et al, 1987) , the model reduces to two-tissue compartments (C E * and P*) plus the 11 CO 2 compartment in which the concentration is known. À8 or the change in WRSS < 10 À6 . To estimate parameters at the voxel level, we implemented a BFM, as described below. For comparison, NLLS was also used for fitting of a subset of voxel data. In voxel-based estimation, activity in whole brain was used to calculate variance by Equation (6); this variance model was found to perform better than the one based on individual voxel values (Tomasi et al, 2008) .
The difference between the tracer arrival time in the brain and the arterial sampling site was estimated by shifting blood curves 0 to 20 secs, fitting the whole brain TAC, and selecting the delay that produced the smallest WRSS. Tracer appearance times in various parts of the brain differ from the mean of the brain as a whole by ± 2 secs (Iida et al, 1988) ; therefore, in each study, for all regions and voxels, whole brain tracer arrival delay was used.
Basis Function Method
The use of NLLS is not feasible when working at the voxel level because of its high computational burden. A fast tool to estimate parameters is provided by the BFM. The method is based on a grid search approach and linear least-squares estimation, which was first introduced for determining regional cerebral blood flow (Koeppe et al, 1985) . One observes from Equation (2): if the value of b = k 2 + k 3 + k 4 were known, Equation (2) would be linear in the coefficients, which could be quickly estimated using standard weighted linear least squares. The idea of the BFM is to define a grid of values for b in the physiologic range. For each b, the linear coefficients of Equation (2) are estimated and WRSS computed. The value of b and the coefficients at which WRSS is minimal are used to compute the model parameters. Details are given in Appendix A.
For our data set, 100 values spaced equally between b min = 0.0001 min À1 and b max = 0.5 min À1 were used initially as the grid for b; this widely covers the range of physiologic values expected for k 2 + k 3 + k 4 (Bishu et al, 2008) . Dependence of performance on the number and distribution of basis functions was tested using grids with 100 or 200 values, uniformly or logarithmically distributed, between b min and b max .
With the BFM approach, one or more parameter estimates may be negative for a given voxel. Rather than exclude these voxels from the analysis, which would likely create problems when considering ROI/voxel correlation, we developed the strategy presented in the appendix of reanalyzing each voxel that had one or more negative parameters after the initial BFM estimation. A voxel was discarded from further analysis only if reanalysis failed to produce non-negative parameter estimates.
Performance of Basis Function Method for Voxel Analysis
Basis function method performance for voxel analysis was assessed in both simulated and measured PET data. For simulation, values of parameters within the range of those previously estimated for cerebellar, cortical, and subcortical regions (Bishu et al, 2008) , that is,
, k 2 + k 3 = 0.15 min À1 , k 4 = 0.04 min À1 , and V b = 0.05, were used together with measured plasma and blood curves of one subject to generate a noiseless TAC according to Equation (2). Gaussian noise, with zero mean and variance computed by Equation (6), was added to obtain simulated noisy TACs at four different noise levels, namely a = 100, 1,000, 2,000, or 5,000. In the same subject from whom we derived the input functions, the median estimates of a (WRSS/(nÀp), where n is the number of data frames and p the number of parameters; Landaw and DiStefano, 1984) over all voxels in the thalamus, corona radiata, and the central nine slices of frontal cortex were 1,763, 920, and 2,591, respectively; this suggests that a = 1,000 and 2,000 are representative of noise levels found in L-[1-
11
C]leucine voxel data measured on the HRRT. For each noisy TAC, BFM was used to estimate kinetic model parameters; weights for estimation were based on the whole brain TAC for this subject. For each noisy TAC, parameters were also estimated by NLLS. We refer to this as 'single voxel simulation' to distinguish it from the one described in the next section.
To assess BFM or NLLS performance at the voxel level, percent bias (Bias%) and percent root mean square error (RMSE%) were computed as
and RMSE% ¼ 100
where p j is the BFM or NLLS estimate of a given rate constant at the jth noise realization and N = 1,000 is the number of repetitions. Simulated voxels discarded from BFM analysis, those for which NLLS did not converge, and those for which any estimated parameter > 1, were not included in computation of Bias% and RMSE%. In all cases, the fraction of voxels excluded was recorded.
In a subset of measured data (one image plane each from two PET studies, B20,000 total voxels), parametric maps generated by BFM and NLLS were compared. In this case, in the absence of 'true' values, NLLS estimates were regarded as the gold standard. Average Bias% and RMSE% were computed for each parameter estimate as
where p jTRUE and p j indicate the estimate of a given rate constant at the jth voxel determined by NLLS and BFM, respectively; M the total number of voxels. Notice that Equation (10) can be derived as the mean value of RMSE% given in Equation (8) when N = 1. To avoid having outliers unduly influencing results, (p j Àp jTRUE )/p jTRUE in Equation (9) was bounded between À1 and 1, and the threshold for the upper bound of |p j Àp jTRUE |/p jTRUE in Equation (10) was set at 1. Furthermore, to avoid division by zero or near zero, voxels in which the NLLS estimate of either V b or k 4 < 10
À4
were excluded. This avoids, for example, including in the average a 100% bias for a voxel in which k 4 (NLLS) = 10
À6
and k 4 (BFM) = 10 À5 , both estimates effectively zero.
Region of Interest Analysis
For use with measured PET data, ROIs were placed on each subject's magnetic resonance image by visually identifying anatomic landmarks, manually outlining the region, and constructing a binary mask to identify voxels in the region. The set of voxels in the PET image belonging, wholly or fractionally, to a given ROI was defined in the following way. The magnetic resonance image was aligned to the average 30 to 60 mins PET image by the use of Vinci software (Volume Imaging in Neurological Research, Max Planck Institute for Neurological Research, Cologne, Germany) with a three-dimensional rigid body transformation. This transformation was then applied to each ROI volume mask to effect its alignment with the PET data. Note that fractional values in the resliced mask indicate fractional inclusion of the PET voxel in the ROI. Eighteen ROIs and whole brain were analyzed for each subject. The average TAC for each ROI was computed by summing, over all voxels, the product of activity in each frame of PET data multiplied by the resliced mask for the ROI, and dividing by the total number of voxels. Nonlinear least squares was used to estimate the rate constants from each ROI TAC; weights were based on the whole-brain TAC. Performance of the model for fitting ROI TACs was assessed using the Akaike Information Criterion (AIC) in its small sample formulation (Hurvich and Tsai, 1989; Sugiura, 1978) , i.e.,
where p = 4; n and WRSS have been defined above. Region of interest TAC analyses were carried out on both simulated and measured PET data. Simulated ROI PET data were generated to test simultaneously the effects of noise and heterogeneity. To create a realistic data set for all voxels within a region, three ROIs (thalamus, corona radiata, and central slices of frontal cortex, comprising 11,209, 22,777, and 19,942 voxels, respectively) were identified in the PET data of one subject. For each voxel in each of the three ROIs, BFM was used to estimate kinetic model parameters from the measured PET data. For every voxel j, the noise level a j was also estimated as WRSS/(nÀp), where n = 42 and p = 4. This initial set of BFM-estimated parameters was treated as 'true' parameters for the voxels in the simulation. Although it is recognized that these parameters are not the 'true' parameters of the underlying tissue (owing to noise in the data, potential biases in the estimates, etc.), for simulation purposes we need to only assume that the collection of parameters taken together resemble those found in a typical ROI. Under this assumption, simulated [ 11 C]leucine images were derived by generating TACs for each voxel using Equation (2), measured plasma and blood curves, and 'true' parameters. Gaussian noise with zero mean and variance defined by Equation (6) (with a = a j ) was then added to each voxel TAC. A noisy ROI TAC was computed as the average of noisy voxel TACs. Parameters were then estimated in two ways: (1) using BFM at the voxel level and averaging estimates over all voxels in the ROI, and (2) using NLLS to fit the ROI TAC. Bias% and RMSE%, as defined in Equations (7) and (8), were then computed for each rate constant and each estimation method. This process was repeated 100 times, and average Bias% and RMSE% were then computed. Owing to the large number of voxels included in each region, average Bias% and RMSE% exhibited little variation between repetitions; hence, 100 repetitions were deemed sufficient. We refer to this as 'multiple-voxel ROI simulation. ' In both simulated and measured data, parameter estimates derived from average ROI TACs by NLLS were compared with the average of the corresponding parameter estimates derived for each voxel in the ROI by BFM, with outliers excluded as defined above, that is,
Both in 'single-voxel simulation' and in 'multiple-voxel ROI simulation,' adding Gaussian noise to the variance described by Equation (6) in some instances gave rise to negative values in the simulated noisy TAC. This was observed almost exclusively in the first few frames of data when activity was low. As negative values of concentration have no physical meaning, they were set to zero so that simulated noisy TACs were strictly non-negative.
Results
Performance of Basis Function Method for Voxel Analysis
Results obtained at the voxel level using BFM with the four different grids (100 and 200 values for b, uniform, and logarithmic distributions) were indistinguishable in terms of Bias% and RMSE% in comparisons between BFM and NLLS voxel estimates on two image planes of measured PET data. Therefore, the simplest grid with 100 uniformly distributed values of b was used in all further analyses.
In measured PET data, the percentage of voxels in a given ROI that had at least one negative initial BFM estimate, averaged over all subjects, ranged from 9 to 18%, depending on the ROI; the mean was B13%. The algorithm developed to address the problem of negative estimates (Appendix A) restored most voxels. Increases in voxel WRSS owing to the restoration process were undetectable for those voxels with initial estimates of V b < 0 and B13% for those voxels with initial estimates of k 4 < 0. After the application of the restoration algorithm, the percentage of analyzed voxels requiring exclusion because of nonphysiologic (negative) parameter estimates was 51% in most regions and did not exceed 2% in any region or subject. The fraction of excluded voxels, averaged over the six subjects, was < 1.1%. Additional voxels excluded as outliers (K 1 , k 2 + k 3 , k 4 , or V b > 1) did not exceed 0.01% in any region or subject. The percentage of voxels included in the analysis, therefore, remained > 98% for all subjects and regions.
Results for single-voxel simulation are presented in Table 1 . Basis function method performance was ; number of noise realizations = 1,000.
Voxel-based analysis of rCPS with [excellent at low noise levels (a = 100): bias in all parameter estimates was < 1% in absolute value. At noise levels representative of those found in measured PET data (a = 1,000 to 2,000), biases in the estimates became non-negligible. In particular, K 1 and k 2 + k 3 were characterized by positive biases ranging from moderate (K 1 ) to severe (k 2 + k 3 ). k 4 was slightly underestimated, l was overestimated by < 1%, and rCPS was underestimated by < 4%. Nonlinear leastsquares performance was also excellent at low noise levels, but at higher noise levels, NLLS biases in K 1 and k 2 + k 3 were higher than with BFM, and k 4 was slightly overestimated. Nonlinear least squares biases in l and rCPS were comparable with those found with BFM. As expected, with both estimation methods, RMSE% increased as noise levels increased.
Comparisons between NLLS and BFM parameter estimates on a subset of voxels in the measured PET data are shown in Figure 2 , in which NLLS estimates were taken as the 'gold standard.' Bias% and RMSE% of BFM estimates, relative to NLLS estimates, are shown. As noted earlier, comparisons exclude all voxels for which NLLS estimates of V b or k 4 are < 10 À4 . Excluding these voxels, the total number of voxels analyzed in the two slices decreased by 9%, from 19,468 to 17,727. Biases of À4% were obtained for k 2 + k 3 and k 4 , whereas K 1 showed almost no bias and lower RMSE%. Estimates of the most important parameters from a physiologic point of view, l and rCPS, had negligible biases (2 and 4.5%, respectively). As these comparisons assume that NLLS estimates represent true voxel parameter values, low biases in l and rCPS reflect agreement between estimation methods; they do not address whether both methods might have inherent biases.
Parametric maps from the voxel BFM estimates of K 1 , k 2 + k 3 , k 4 , l, and rCPS for one transverse slice from a [
11 C]leucine PET study of a 23-year-old male are shown in Figure 3 .
Comparison of Voxel-Based and Region of Interest Time-Activity Curve-Based Analyses
Bias% and RMSE% for multiple-voxel ROI simulations are shown in Figure 4 . For each of the regions simulated (thalamus, corona radiata, and frontal cortex), the mean of the parameter values estimated in each voxel with BFM was compared with parameter estimates derived from the ROI TAC with NLLS. Results were quite consistent across ROIs in terms of direction and relative magnitude of biases. The voxel BFM method, consistent with single-voxel simulation, overestimated both K 1 and k 2 + k 3 , but unlike singlevoxel simulation, the estimates of k 4 were (on average) positively biased in the three regions. Regional means of voxel BFM estimates of l were excellent, but rCPS was underestimated by an average of 6, 4, and < 1% in the simulated frontal cortex, thalamus, and corona radiata, respectively. Performance of NLLS applied to the ROI TACs was worse. In particular, a substantial underestimation of k 2 + k 3 was found; this, together with a moderate overestimation of k 4 , led to an underestimation of l by 6% to 10% and an overestimation of rCPS by 15% to 20%. Table 2 compares the mean voxel BFM estimates with the estimates found by applying NLLS to the ROI TACs from measured PET data. The means and standard deviations for the six subjects are reported for 18 ROIs and whole brain. Consistent with simulation results, the estimates of K 1 were higher using the voxel BFM method than using NLLS applied to the ROI TACs. Estimates of k 2 + k 3 were substantially lower, and those of k 4 slightly higher, with ROI-level NLLS than with voxel BFM. Again, consistent with simulation, l estimates were B5% to 10% lower and rCPS estimates were B20% higher with ROI-level NLLS than with voxel BFM. Figure 5A illustrates the NLLS fit of a cortical ROI TAC measured in one subject. The predicted time courses of labeled protein and free leucine in tissue, derived from estimated parameters, are also represented. ROI-level NLLS clearly overestimates measured activity in early and late frames of data and underestimates it in the intermediate interval. Figure 5A also shows the average of the TACs Parameters of the homogeneous tissue model were estimated for all voxels in one image plane from each of two subjects by both NLLS and BFM. Results were computed using Equations (9) and (10) with the NLLS estimate regarded as the true value. Only voxels with the NLLS estimates of k 4 and V b Z10 À4 were included in the statistics. determined in each voxel, calculated from BFM parameter estimates for that voxel. The slower clearance of labeled leucine from the tissue and the slower accumulation of labeled protein estimated using voxel BFM are consistent with its lower rCPS determinations. Note that the average of the BFM voxel TACs fits more closely the measured data, but it still shows some systematic underestimation at intermediate times and overestimation in the late frames of data. This is evidence that this kinetic model for leucine is not fully adequate to describe ROI TACs and at least some voxel TACs. The assumption of tissue homogeneity, in particular, is not always a good approximation for a given region. The rates of blood flow, transport, metabolism, and incorporation of amino acids into protein vary regionally throughout the brain; the rates in gray and white matter are particularly different. Owing to the limited spatial resolution of even the HRRT (B2.6 mm FWHM), thinness of cortical areas (B3 to 5 mm), and white matter tracts that run through the subcortical gray matter, it is likely that activity measured in most ROIs, and possibly also in many voxels, derives from a heterogeneous mixture of tissues. For comparison, therefore, we illustrate activities estimated by fitting the ROI TAC using a kinetic model that specifically takes tissue heterogeneity into account; this model assumes that each tissue is composed of two homogeneous subregions, for example, gray and white matter (for model details, see Supplementary File). The fit provided by the tissue heterogeneity model is excellent, and activities in the free leucine and protein pools in the brain more closely resemble those found with voxel BFM than those derived by fitting the ROI TAC using the homogeneous tissue kinetic model for leucine.
To further investigate the poor fits of the ROI TACs using the homogeneous tissue kinetic model, all ROI TACs were fitted with the kinetic model that explicitly takes tissue heterogeneity into account. Figure 5B shows the goodness of fit of ROI TACs by the two kinetic models for 18 ROIs and the whole brain. Akaike Information Criterion values, averaged over six subjects, are shown with ROIs sorted in order of decreasing size. In the whole brain, cerebellum, and the largest cortical ROIs, one sees the greatest improvement in fit by the use of a model that explicitly takes tissue heterogeneity into account, as indicated by much lower AIC values. In white matter and smaller ROIs, the two models produced more similar AIC values. Estimates of rCPS based on applying the tissue heterogeneity model to ROI TACs, however, were considerably more variable than those produced either by voxelwise BFM estimation or by fitting the homogeneous tissue model to the ROI TACs (data not shown). Furthermore, the heterogeneity model estimation did not always converge, probably because of the presence of six parameters in the model. For these reasons, the tissue heterogeneity model was not pursued further as a practical alternative for estimation of rCPS.
Discussion
Prior to this study, estimation of kinetic model parameters of the L-[1-
11 C]leucine PET method has been carried out only at the ROI level. In this study, we addressed our attention to the generation of parametric maps. Such maps provide important information regarding heterogeneity within a region and take full advantage of the high spatial resolution of the Figure 3 Parametric maps of K 1 , k 2 + k 3 , k 4 , l, and rCPS obtained using the basis function method for one transverse image plane from a L-[1-
11 C]leucine PET study of an awake 23-year-old male subject. A Gaussian filter (FWHM 3.9 mm) was used to smooth each of the parametric images in three dimensions before visualization. The same image plane of the coregistered magnetic resonance image is shown in the bottom right.
scanner for visualization of parameters. Our purpose was not to compare subjects at the voxel level; this type of analysis would require spatial normalization with its inherent uncertainties about the actual anatomical location of a voxel. Rather, we are using a voxel-based estimation method to compute the mean estimates of parameters for an anatomically defined ROI. A voxelbased estimation method applied to high-spatial-resolution images may mitigate some of the problems of tissue heterogeneity inherent in PET data.
As the cost of standard NLLS estimation at the voxel level is prohibitive, BFM was used as a computationally feasible alternative. The time required for the analysis of one image plane decreased from B2 h using NLLS to B1 min using BFM. Further savings in computational time could be achieved if estimation were carried out first on a coarse grid of bs and then on a finer one, as proposed by Koeppe et al (1985) . In a subset of measured voxels from two PET studies, BFM yielded estimates in very good agreement with NLLS estimates. In single-voxel simulation, BFM provided excellent performance at low noise levels, but at higher noise levels, including those typical of measured voxel data, the method was characterized by high RMSE% and non-negligible positive biases that were moderate for K 1 and much higher for k 2 + k 3 . The most important parameters from a physiologic point of view, l and rCPS, were only slightly biased, except at the very highest voxel noise levels. Simulation results and the good agreement between BFM and NLLS suggest that, in this case, it is the high noise level inherent in voxel data, rather than our choice of algorithm, that is responsible for observed biases. We are currently investigating whether improvements in performance can be achieved by pre-processing data to reduce the noise of voxel TACs.
One remarkable outcome of the analysis was the poor performance of the homogeneous tissue kinetic model for leucine when applied to ROI TACs. (A and B) , thalamus (C and D), and corona radiata (E and F). Parameter estimates were computed in two ways: using basis function method (BFM) at the simulated voxel level and averaging the parameter estimates over all voxels within the ROI (voxel-level BFM), and using nonlinear least squares to fit the simulated ROI TAC (ROI-level NLLS). Bias% and RMSE% were computed by Equations (7) and (8) 
Voxel-based analysis of rCPS with [
Simulations showed a substantial underestimation of k 2 + k 3 (À20% to À30%), which, along with a moderate overestimation of k 4 , led to the underestimation of l by B8% and the overestimation of rCPS by as much as 15% to 20%. Differences of a similar magnitude were observed in measured data between ROI-level homogeneous tissue model estimates and mean voxel-level BFM estimates. In addition, fits of the homogeneous tissue model to ROI TACs were generally poor: in 73% of ROIs examined in six subjects, AIC showed that a kinetic model that explicitly takes tissue heterogeneity into account provided the better fit. This strongly suggests the need for a model that takes tissue hetero- (Schmidt et al, 1991 (Schmidt et al, , 1992 (Schmidt et al, , 1995 . From the similarities between the model for deoxyglucose/fluorodeoxyglucose and the model for leucine, overestimation of k 2 + k 3 and k 4 was predicted if a model that assumes tissue homogeneity is used. In this study, k 4 was somewhat overestimated under these conditions, but k 2 + k 3 was substantially underestimated, contrary to expectation. To overcome limitations of the homogeneous tissue model, we evaluated a heterogeneous tissue model comprising two subregions for each ROI. The heterogeneity model fit ROI TACs extremely well. For estimating parameters, however, it performed poorly on measured PET data. It is our view that more work is required to develop a useful tissue heterogeneity model for analysis of ROI TACs, or alternative approaches that do not require homogeneity assumptions are required.
We did not apply the heterogeneity model at the voxel level because of the high number of parameters to be estimated. With voxel BFM, we did observe some systematic misfit of data: measured total activity was underestimated at intermediate times and overestimated at later times. The direction of the systematic overestimation/underestimation was similar to that found when the ROI TAC was fitted with the tissue homogeneity model, but the magnitude of the disparity was less with voxel BFM. This suggests that the homogeneous tissue model may not be fully adequate for at least some voxels. These errors in model specification will be reflected in errors in parameter estimates. Furthermore, measurement noise interacts with model specification error in affecting final parameter estimates. Other scanners have different noise properties, and those with lower spatial resolution may be more affected by tissue heterogeneity; hence, voxel parameter estimates may show different bias and RMSE from that found in this study.
Differences in parameter values estimated with different procedures are not unique to L-[1-
11 C]leucine studies. Each of the factors examined in this study (choice of model to define relationships among parameters, noise level in the data, algorithm used for parameter estimation) affects the estimates. It has long been recognized that using different kinetic models gives rise to differences in both micro-and macroparameter estimates that can be substantial, even when each model is applied to the same TAC (Lammertsma et al, 1987) . Ultimately, all models oversimplify the underlying tissue kinetics and some degree of model specification error occurs. However, even in the absence of model specification error, estimation biases can occur because of measurement noise in the data or error in measurement noise characterization. Thus, we should expect differences between parameter estimates at the voxel level (potentially greater homogeneity and less model mis-specification, but higher noise levels) and at the ROI level (lower noise levels, but potentially more heterogeneity and model specification error). Yet, few studies have quantitatively compared parameter estimates at the voxel and ROI levels. In one such study, several methods for estimating binding potentials for dopamine and 5-HT 1A receptors were compared; even when the same analysis procedure was used, the estimates differed substantially between ROI-based and voxel-based methods (Cselényi et al, 2006) . In this study, we also found substantial differences between ROI-based and voxel-based estimates of kinetic model parameters when the same homogeneous tissue model was used in both analyses. As each method has its own set of limitations, we used simulation to look at the bias and RMSE of each procedure under consideration. We also examined how the different methods compare when applied to measured data, taking into account each method's limitations.
Of the methods examined for determining kinetic model parameters for L-[1-
11
C]leucine in identified ROIs, the voxel BFM method provided the best overall performance. This method requires an estimation of parameters, l, and rCPS for each voxel, and averaging of values over all voxels within the region. Simulations suggest that resultant biases in l and rCPS are small. Furthermore, intersubject variability of parameters estimated using voxel BFM in measured PET data was low, comparable with that achieved by the ROI-based application of the homogeneous tissue model. Minimally biased, low variance estimates are important for tracking changes in rCPS and/or l across regions and over time, particularly as changes may be relatively small in magnitude. Optimal estimates will also be required for rCPS to be used as an objective means by which to identify abnormalities or as an outcome measure to evaluate potential treatments. Ultimately, these quantitative measurements in human subjects may give new insights into mechanisms underlying pathologies in neurodevelopmental, cognitive, and neurodegenerative disorders. Basis function method analysis of L-[1- 
Implementation of basis function method
Equation (2), repeated below, relates measured concentration of 11 C (C T *) in a generic voxel at time t to measured [
11 C]leucine concentration in plasma (C p *), total 11 C in whole blood (C b *), and 11 CO 2 concentration in tissue (V D C c *) as 
If the value of b were known, Equation (A2) would be linear in the parameter vector h = [y 1 , y 2 , y 3 ], which could be quickly estimated using standard weighted linear least squares. The idea of BFM is to define a grid of values for b in the physiologic range, b 1 , b 2 ,yb m , solve for each the corresponding linear problem expressed by Equation (A2), and select the value b*, which gives rise to the smallest WRSS. Let h* = [y 1 *, y 2 *, y 3 *] be the estimated parameter vector at b = b*. Equations (A3) to (A5) can then be solved to yield final values of the rate constants (K 1 , k 2 + k 3 , k 4 ) and blood volume (V b ) as
Equations (A6) to (A9) may provide one or more negative parameter estimates for a given voxel, whereas all rate constants and V b should be nonnegative. Rather than constrain the estimation and substantially increase computation time, we developed the algorithm below to re-estimate parameters when one or more initial BFM estimates was negative.
Algorithm
Let h* = [y 1 *, y 2 *, y 3 *] be the estimated parameter vector at b = b*. Calculate K 1 , k 2 + k 3 , k 4, and V b from Equations (A6) to (A9).
If K 1 r0 or k 2 + k 3 r0: Discard voxel. Else if V b < 0:
Set y 3 = V b = 0 in Equation (A2) and re-estimate h* = [y 1 *, y 2 *]. Calculate K 1 , k 2 + k 3 , k 4 from Equations (A6) to (A8).
